Pausing by RNA polymerase (RNAp) facilitates the recruitment of regulatory factors, RNA folding, and other related processes. While backtracking and intra-structural isomerization have been proposed to trigger pausing, the mechanisms of pause formation and recovery remain debated. Using high-throughput magnetic tweezers with single-molecule sensitivity, we have examined the full temporal spectrum of Escherichia coli RNAp transcription dynamics. Together with probabilistic dwell-time analysis and modelling, this has identified three distinct states that compete with elongation: a short-lived elemental pause and two longlived backtracked pause states. We demonstrate that recovery from backtracking is not governed by diffusional Brownian motion, but rather by intrinsic RNA cleavage, whereby RNAp conformational changes hinder cleavage in long-lived pause states. We further show that state switching underlies stochastic alterations in the frequency of short pauses. Based on these findings, we propose a consensus model of intrinsic pausing that unifies all key findings while resolving earlier contradictions.
INTRODUCTION
The transcription of genetic information is the first step in gene expression and is conserved throughout all domains of life. 1 The synthesis of RNA transcripts, carried out by the DNA-dependent RNA polymerase (RNAp), is a complex and tightly controlled process that defines cell identity, fitness, proliferation, and response to environmental signals. [2] [3] [4] RNAp itself is subjected to many forms of regulation, which include interactions with accessory proteins, nucleic acid signals, and small molecules, as well as conformational dynamics in the active site and global structural changes in the transcription complexes. [5] [6] [7] [8] [9] [10] [11] Already four decades ago, pioneering work on bacterial transcription revealed that RNA chain elongation is intermittent, and frequently interrupted by pauses that reduce overall transcription velocity. 12, 13 Over the past two decades, several aspects of transcriptional pausing have been systematically studied using high-resolution single-molecule techniques to monitor RNAp dynamics in real-time. These studies have shown that chain elongation by both bacterial RNAp and eukaryotic Pol II, whose structures and action mechanisms are largely conserved, is interrupted by mainly two types of pauses: sequence-induced regulatory pauses that allow timely interaction with transcription factors and the translation machinery (in prokaryotes); and intrinsic pauses originating from RNAp backtracking on the DNA template and RNA; the latter pauses are associated with proofreading. [14] [15] [16] [17] [18] Previous single-molecule studies of bacterial RNAp and eukaryotic Pol II were able to identify the ubiquitous catalytically inactive elemental pause state, cis-acting consensus DNA sequences and backtracking-induced interruption of active RNA chain elongation. 15, [19] [20] [21] [22] [23] [24] [25] However, the temporal signals resulting from single-molecule experiments are not trivial to interpret, and not all pause signatures observed in single-molecule studies have been satisfactorily mapped to structural intermediates of the transcription elongation complex (TEC) that are thought to cause notable transcriptional pauses or arrest. 11, 16, 18, 21, [26] [27] [28] [29] While there exists a consensus on the properties of the elemental pause (lifetime ~1 s), intrinsic transcriptional pauses with longer lifetimes have neither been fully characterized, nor has their relation to structural intermediates of the TEC been fully elucidated. 21, 22, [29] [30] [31] [32] [33] Besides hairpin-stabilized pauses, various biochemical studies have identified two distinct exponentially distributed backtracked transcriptional pause states with notably different lifetimes (~5 s vs. ~100 s). 21, 22, 24, 28, [34] [35] [36] [37] In contrast, the majority of single-molecule studies attributed all pauses exceeding 5 s to a single state with a broad power-law distribution of pause durations, which originate from diffusive TEC dynamics during RNAp backtracking. 15, 23, 36, [38] [39] [40] This discrepancy extends to our understanding of the recovery of backtrack-induced transcriptional pauses: while biochemical studies indicate that RNA cleavage is the dominant recovery pathway, several single-molecule and theoretical studies consider diffusional Brownian motion of the RNAp to be the main recovery pathway. 15, 23, 36, [38] [39] [40] [41] Due to these divergent interpretations of transcriptional pause signatures from single-molecule and bulk experiments, a consensus mechanistic model of intrinsic transcriptional pausing remains lacking.
Previous single-molecule studies may have missed some intrinsic pause states identified in biochemical assays and structural studies simply because these were rare events within limited observation times. We thus employed high-throughput magnetic tweezers to probe the full temporal spectrum of E. coli RNAp transcription dynamics over a time period exceeding two hours. Transcriptional pausing analysis identified three distinct pause states competing with elongation: a short-lived pause with a lifetime of ~1s, which resembles the reported consensus elemental pause, and two long-lived, serially connected pause states, with lifetimes of ~4 s and ~100 s that branch from the elemental pause. 21, 22, [29] [30] [31] [32] [33] Our results show further that backtrack-recovery is mediated by intrinsic RNA cleavage and not not by diffusional Brownian motion, indicating that a subset of paused TECs assume a conformational state in which intrinsic and GreBassisted RNA cleavage is hindered, delaying as such the escape to productive elongation. 25, 34, 40, [42] [43] [44] [45] [46] The availability of large datasets also allowed us to interrogate the sources of the poorly understood heterogeneity in transcription velocity and pause dynamics, providing support for previously postulated state-switching that we could link to stochastic alterations in the frequency of short pauses. 24, 26, 29, 32, [47] [48] [49] [50] We present a unified mechanistic model that integrates all key findings of previous biochemical and singlemolecule studies, and describes the origin and hierarchy of intrinsic pause states as framework for future studies.
RESULTS

RNAp transcription dynamics exhibit notable heterogeneity
To investigate the full spectrum of RNA synthesis dynamics and stochastic pausing, we established a singlemolecule assay (Methods M1) based on high-throughput magnetic tweezers with instrumental drift compensation (Methods M2) that provides a large data volume required for statistically robust analysis. 51, 52 Similarly to previous force-spectroscopy investigations, halted RNAp transcription elongation complexes (TECs) were formed on surface-attached linear DNA templates by nucleotide deprivation. As template, we used the E. coli rpoB-coding DNA sequence free of known consensus pause-inducing sequences that could overshadow the intrinsic RNAp pausing dynamics. 24 By attaching magnetic beads to singly biotinylated RNAps and varying the DNA template orientation (Figure 1A) , we were able to apply assisting forces (AF) or opposing forces (OF) to the RNAps while simultaneously monitoring their progression along the DNA template in real time. 52, 53 Resumption of transcription was achieved by the addition of all four nucleotides in equimolar concentration, and the RNAp translocation was measured ≥2 hours at constant forces. In agreement with previous studies, the RNAp trajectories ( Figure 1B ) exhibit periods of apparently constant translocation velocities, punctuated by pauses of different duration and position. 32, 54 To capture the probabilistic nature of RNAp translocation and stochastic pausing, we constructed dwell-time (DWT) distributions from DWTs obtained for all trajectories. 55 These DWTs were extracted from individual trajectories ( Figure 1C ) by measuring the time needed for each individual RNAp to successively transcribe a fixed number of nucleotides (Methods M3). This approach allowed us to perform a probabilistic analysis on both the RNA chain elongation and on transcriptional pausing in the range of milliseconds to hours, and to extract the underlying kinetic parameters. 51, 55 Figure 1D depicts individual DWT distributions for n = 230 trajectories, measured under 7.5 pN AF at 1 mM [NTP]. All individual DWT distributions qualitatively exhibit the same features, a peak at short time scales (~ 400 ms for the provided example) and a tail of gradually decreasing probability for DWT >1 s. While the peak reflects the pause-free elongation, the tail originates from pauses. 54, 55 We observe a significant variation between individual DWT distributions, particularly in the occurrence of extremely long-lived pauses. While for the majority of the analyzed RNAp trajectories the longest observed pauses lie well below 450 s (Figure 1D , red), a small fraction of trajectories (~ 10%) show single pauses extending to few thousand seconds (Figure 1D , blue). However, the combined DWT distribution (constructed by accumulating measured DWTs from all single trajectories) is not representative of all individual DWT distributions (Figure 1D , black). To reveal differences between these subpopulations, we used the Bayes-Schwarz information criterion ( Figure S1 ) to estimate the number of single-rate pause states in the combined DWT distribution and in the DWT distributions corresponding to each subpopulation. 56, 57 We found that while the pausing dynamics of each subpopulation can be captured with three single-rate pause states, the combined DWT distribution requires the incorporation of a fourth pause state, an artefact arising from combining two inherently different distributions. This result demonstrates the necessity to select a homogenous ensemble of elongation trajectories prior to the analysis. Since we found that the maximum pause duration provides a parameter that can successfully discriminate between the two subpopulations, we established a selection protocol using the Gaussian mixture model approach, which classifies individual trajectories based on the longest pause they contain (Methods M4). 58 We initially focus on the dominant sub-population and discuss the minority sub-population with prolonged pauses at a later stage.
Intrinsic RNAp dynamics reflects three distinct pause states
Previous studies on stochastic pausing of RNAp have identified a consensus short elemental pause (lifetime ~ 1s), which can act as an intermediate state for less frequent "stabilized" pauses with extended lifetimes. 21, 22, [29] [30] [31] [32] [33] Since the measured combined DWT distribution is incompatible with the simple powerlaw decay predicted when all pauses originate in diffusive returns to elongation from backtracking (red line in Figure 2A ), and the Bayes-Schwarz information criterion analysis further supports the existence of three distinct pause states (Figures 2A, S1B, S2A; Methods M5, M6), we propose a working model (Figure 2 ) that includes a frequent short pause state (P1) and two additional rare pauses (P2, P3) of extended duration. The catalytic pathway is characterized by an effective elongation rate kel, which contains the contribution of all sub-processes such as nucleotide addition, NTP hydrolysis, PPi release, and translocation. The three pause states are connected sequentially, jointly forming a single off-pathway branch. The probability of leaving the catalytic pathway and entering the off-pathway branch through P1 is described by total . Within the off-pathway branch, the entry into the pause states P2 and P3 is governed by the rates kP2 and kP3, respectively, and all pauses return to the catalytic pathway through the exit rates ke1, ke2, and ke3.
We have trained this model and validated its predictive power against data collected under different empirical conditions, as described in the following sections. As a first step, we parametrized the working model by fitting it to a combined DWT distribution, constructed from a large (361.3 kb of total transcript length) reference ensemble of elongation trajectories measured under 7.5 pN AF at a saturating [NTP] of 1 mM. Under these conditions, the characteristic pause times (Figure 2A ; determined by the green, blue, and purple "shoulders") are well-separated from the pause-free elongation peak (Figure 2A ; yellow peak), which allows for accurate maximum-likelihood estimation of all parameters (Methods M6; Figure 2B ,C; Table S1 ). 55 The parameter values estimated from the reference data set will be referred to as reference parameters in all subsequent analyses. We confirmed that the fit remains robust against the use of different DWT-window sizes (e.g., 4 and 20 nt instead of 10 nt; Figure S2B , C); we thus chose a window of 4 nt for all subsequent DWT analyses. Furthermore, we found that the model fits well to the pause-free velocity distribution (Figure S2D, E; Methods M7), which has been employed in previous studies to estimate the effective elongation rate kel. 23, 39, 47, 59 The estimated kel (Figure S2F ) from the pause-free velocity distribution (kel: 21.6 ±0.2 nt/s) is compatible with both the value we obtain from DWT-distribution analysis (kel: 21.7 ±1.8 nt/s), and with previously reported pause-free velocity estimations. 39, 47 Similarly, the lifetime of ~1 s for the frequent pause state P1 is compatible with the duration of the previously described elemental pause, and pause lifetimes compatible with our estimates of ~4 s (P2) and ~100 s (P3) have also been previously reported. 21, 22, 24, 30, [32] [33] [34] [35] [36] Our large dataset (Table S2 ) and accompanying analysis procedure thus allow us to unify these three independently observed pause states in a single model.
Estimating next the values of el and total for individual trajectories in the reference data set ( Figure S3A ; Methods M7), we found that both quantities possess wide distributions (Figure S3A, B, C) . While the distribution for el is largely symmetric, total shows a skewed, bimodal distribution with peaks at 0.05 and 0.08. This heterogeneity in transcription dynamics is also clearly evident in the velocity of individually measured trajectories (Figure S3D) , as previously reported. 19 To measure the transcription velocity for each trajectory, we removed all segments corresponding to DWTs longer than the P2 lifetime (4 s; dashed line in Figure 2A ) to exlude the fraction of pauses associated with P2 and P3 state. We then calculated the displacement of RNAp in consecutive temporal windows of 1 s. The velocity is therefore dominated by the pause-free elongation and frequent pauses associated with the P1 state. To characterize the heterogeneity in velocity, we analyzed two groups of trajectories separated based on their estimated pause probabilities (i.e. total < 0.08 and total > 0.08, respectively). While the majority of RNAps progress with an average velocity of ~10 nt/s (Figure S3D ,E; purple), a small fraction (~30%) of pauseprone RNAp advance more than twice as slow (~5 nt/s; Figure S3D ,E, green). Interestingly, we detected a small fraction of RNAp (< 5%) in the reference data set in which the velocity alternates between these two mean values (Figures S3D,F) , a phenomenon that may reflect state-switching. 48, 60 Together with the lack of clear correlation between el and total for individual trajectories (Pearson correlation coefficient r = 0.16854; Figure S3A ), these results imply that variations in the frequency of short pauses, and not changes in el , underlie the observed heterogeneity in velocities. We therefore propose that the state switching reflects a stochastic transition into a more pause-prone mode.
Given the variation in model parameters el and total between individual trajectories, we next asked how representative the combined DWT distribution is for the dynamic behavior of individual RNAps. We found that although el and total exhibit rather wide distributions, the combined DWT distribution that includes all trajectories (Figure S3F) can be described impressively well by their average values. This establishes that, despite the inherent heterogeneity found in model parameters, they exhibit a self-averaging property in the sense that fitting the combined DWT distribution results in a population-averaged estimation of the parameters. Nonetheless, in all subsequent analyses we have estimated el and total for individual RNAp trajectories and report the mean values with the corresponding standard errors ( Table S1 ). The overall low pausing probability precluded applying the same method to the remaining model parameters due to low statistics. Therefore, a population-averaged estimation for these parameters were obtained by directly fitting the combined DWT distributions (Methods M8).
The performed validation assessments ensure the correctness and applicability of our DWTdistribution analysis method with which we ultimately dissect the stochastic dynamics of transcribing RNAp. We next probe the changes in transcription kinetics under different experimental conditions to validate the model structure in a step-wise and bottom-up fashion, and provide insights into the nature and hierarchy of the observed transcriptional pause states.
All transcriptional pauses compete with the active catalytic pathway
In the next step we conducted a systematic experimental approach to discover whether all three identified pause states compete with the active catalytic pathway. To do so, we measured the response to [NTP] ranging from 1 µM to 500 µM at a constant force of 7.5 pN AF, and compared the results with our designated reference data. Overall, in agreement with previous results obtained from bulk and comparable singlemolecule experiments, we found that the deficiency of NTPs reduced the average transcription velocity significantly (Figure 3A) , resulting in a proportional decrease in the processivity of single TECs ( Figure  3B ) due to the statistically unchanged TEC lifetime (Figure S4A) . 19, 39, 59 The combined DWT distributions ( Figure 3C ) present a more detailed view of the effect of NTP availability on the transcription dynamics. As the [NTP] decreases, the elongation peak shifts to larger DWTs, indicating a slower el . At the same time, the probability of all pauses gradually increases, suggesting that all three pauses are off-pathway states in competition with active elongation. To further validate this hypothesis, we fitted our model with three off-pathway pause states (Figure 3 , rightmost panel) to the empirical DWT distributions measured at decreasing [NTP] (1 µM -500 µM). For the fits (Methods M8) to the different DWT distributions, we allow only the effective elongation rate el and the pause probability total to vary while fixing all other parameters to the previously determined reference values ( Table S1 ). The resulting two-parameter fits (Figure 3C , solid lines) are able to fully capture the observed NTP-dependent variations in the combined DWT distributions, demonstrating that all three pause states compete with the active catalytic pathway. We next investigated the NTP dependency of both the effective elongation rate and the pause probability. We here note that the mere existence of a competing pause branch affects the lifetime associated with the catalytic pathway -a fact largely ignored in previous studies. Taking this into account (Methods M9), the effective elongation rate el is given by
where the term in the parentheses represents the effect of the pause branch, and el 0 follows the expected .
(Eq.3)
In the above equations, the quantities Vmax, Km, Pmin, and Kp depend only on the rates that constitute the active pathway and on the entry rate into the pause branch (Figure S4B; Methods M9 ). Their precise values are expected to vary for different nucleotides. 19 We found that the values of el and total estimated by the fits are well captured by the Eqs. 1 and 3 (Figures 3D, E) , leading to averaged (over 4 nt, based on the applied DWT-window) estimations of max = 21.8 ± 2.4 nt/s, K m = 9.8 ± 2.5 M, p = 8.6 ± 2.8 M, and min = 0.07 ± 0.04. Here, the estimated value of K m should be considered as a lower bound for the averaged Michaelis-Menten constant. With respect to the upper bound, we have confirmed that the model remains consistent with the empirical DWT distributions even if K m is increased to 100 µM. The only notable deviations occur in the left tail of the DWT distribution (Figure S4C; i.e. at DWTs shorter than 0.2 s), which we found is most sensitive to, and thus can be biased by, the experimental noise.
Our estimations for el and total follow the theoretical predictions (Figure 3D, E) , supporting our proposed model with three off-pathway pauses branching from the same active catalytic state. Our results are thus in agreement with the current view in which the elemental pause represents an off-pathway intermediate state that can isomerize into stabilized, long-lived pauses. 21, 29, 61 Solely the entry to backtrack-associated pauses exhibits force dependency With the knowledge that the three identified pause states are off-pathway pauses that branch from the same active catalytic state, we next investigated their origin and interconnection. Since previous single-molecule and bulk studies associated longer pause lifetimes with diffusive return from backtracking, which is expected to be susceptible to force, we probed the force dependency of the RNAp dynamics to identify the pause states which are coupled to RNAp translocation. 15, 23, 36, [38] [39] [40] [41] We systematically measured the transcription dynamics of RNAp at different applied forces ranging from 5 to 12.5 pN, in both the AF and OF directions (Figure 1A) . Globally, with the gradual increase in the magnitude of the OF, we observe a significant decrease in average velocity (Figure S5A) , indicating a notable increase of either the pausing frequency or duration, or both, since the average TEC lifetimes remain comparable (Figure S4) . Figure 4A depicts examples of combined DWT distributions measured at 12.5 pN in AF and OF orientations (resulting DWT distributions for all applied forces are shown in Figure S5 ). We found that switching the force direction from AF to OF produces a significant effect similar to that observed at low [NTP]: enhanced pausing probability accompanied with a potential decrease of the effective elongation rate.
To explain the observed force dependency, we first fitted our model (Figure 4 , rightmost panel) to the 12.5 pN OF data by only allowing el and total to change while fixing all other parameters to the reference values (Figure 4A , purple dashed line). While the model fits the data at short timescales <10 s, it slightly deviates at longer timescales. The remaining discrepancy between the model and the data vanishes when we introduce force dependence in the entry rate of the P2 state: translocation with respect to the backtracked state, and F is the applied external force. 41, 62 Sweeping the range for δ between 0 and 1 with increments of 0.1 (Methods M8) in our fits, we found that the entry to P2 exhibits force-dependency with an optimal value of δ =0.7±0.1 (Figure 4B , blue solid line). As shown in Figure 4A , increasing the force dependency of kP2 to its maximal extent by setting δ = 0 results in an overestimation of the probability of the long-lived pauses P2 and P3 (Figure 4A , black dashed line). To validate proposed force-dependency for the P2 entry rate kP2, we performed two-parameter fits to the data obtained at different forces by using el and total as fit parameters, fixing kP2 at its expected value for each force assuming  (Eq. 3; Figure 4C ) and fixing all other model parameters to their reference values ( Table S1 ). The resulting fits to the data at 12.5 pN AF (Figure 4A , red solid line), as well as to all other measured forces (Figure S5B,C) , demonstrate that our model remains robust at different forces.
We next explored the force dependency of the catalytic pathway. Each NMP addition cycle involves transition of RNAp from pre-to the post-translocated state, which is expected to be affected by an externally applied force. 19, 23, 36, 39, 41, 59, 63 We found that the effective elongation rate el , as estimated by our fits, remains rather constant with force ( Figure S5D) , implying that at saturating 1 mM NTPs, RNAp translocation does not become rate limiting even when the OF is as large as 12.5 pN. In contrast, the off-pathway pause probability P shows an increasing trend when the exerting force switches from AF to OF orientation (Figure 4D) (Figure 3E) , we fitted Eq. 3 (Figure 4D, dashed line) to the estimated values of pause probability (Figure 4D, circles) .
The best fit corresponds to ∆ ≈ 0.5 ± 0.16, which identifies the position of the energy barrier against RNAp transition from the pre-to post-translocated state (Eq. S35). The evident discrepancy between the model prediction and the estimations might be due to an inhomogeneity in the magnitude of force applied to the magnetic beads since the amount of embedded iron oxide particles is not stringently constant. 64 This could explain the non-monotonic variation of the pause probability around 5 pN OF. Alternatively, the sharp increase in the off-pathway pause probability total at large OFs might indicate an additional force dependency, e.g., in the entry rate to the elemental pause; this is compatible with the recent observation that the elemental pause may be in fact a half-translocated state. 21 The fact that the entry rate kP2 into the first longer-lived pause state P2 increases with OF ( Figure  4C ) implies that this entry is accompanied by the RNAp backward translocation. We therefore propose that P2, and in consequence, P3 are backtracked pauses. It has been shown that RNAp can stochastically switch to a catalytically-inactive backtracking mode, where it can diffuse back and forth along the template DNA. 25, 36, 44, 65 In a backtracked TEC, the nascent RNA is threaded through the active site, blocking nucleotide addition. The RNAp can recover from backtracking either by diffusing forward, placing the 3'end of the transcript in the active site, or by cleaving the backtracked RNA, thereby freeing the active site. 40, 43, 45, [66] [67] [68] Previous single-molecule studies have suggested that diffusion provides the dominant recovery mechanism. 15, 23, 36, [38] [39] [40] [41] Our data contradicts this view: we observe only a limited degree of force dependency for kP2, and the lifetimes of P2 and P3 states do not seem to be affected by the external force,.
To examine this further, we parametrized the previously suggested diffusive backtracking model ( Figure  S6, rightmost panel) by fitting it to the reference data (Methods M10). 41 We found that the model captures the combined DWT distribution of the reference data sufficiently well, provided that the maximum backtrack depth (BT) exceeds 5 nt (Figure S6A) . This is compatible with previous studies that assumed unrestricted diffusive backtracking (reflected by the − 3 2 power-law relationship) to describe long-lived pauses. 15, 23, 36, 38, 39, 41 However, the agreement between the data and the diffusive backtracking model fails to persist at high OFs. This is illustrated in Figure S6B , where the DWT distribution was simulated at 12.5 pN OF (Methods M10) with different values of and the maximum BT (Figure S6, rightmost panel) . None of the simulated DWT distributions, including the one with the highest likelihood score (Figure S6B, red line) , satisfactorily capture the data. Moreover, the simulated trajectories corresponding to the best fit typically show a significantly shorter processivity than the measured data, an inherent property of the diffusive backtracking model, where at sufficiently high OFs essentially all RNAps will be trapped in an irreversible backtrack (Figure S6C) . 41 We found that this occurs in the diffusive backtracking model provided that the maximum BT exceeds 5 nt, leading to simulated trajectories which show, on average, at least one order of magnitude lower processivity compared to our measured RNAp trajectories (Figure S6D) .
We conclude that while the diffusive backtracking model can be fitted to any individual DWT distribution at a constant force, it does not provide a consistent description of our data over the entire force range and significantly underestimates the RNAp processivity. This indicates that the diffusive RNAp dynamics alone cannot account for the observed long-lived pauses in our empirical DWT distributions. Instead, the intrinsic cleavage capability of RNAp may be responsible for the recovery from backtracking, which we experimentally verify next.
Recovery from backtracked states is primarily mediated by intrinsic cleavage
To test our hypothesis that the long-lived pauses arise from backtracked TECs, with RNA cleavage being the predominant backtrack-recovery process, we experimentally probed the contribution of transcription elongation factors GreA and GreB to the backtracking dynamics. The prokaryotic Gre factors augment the intrinsic cleavage rate of RNAp, promoting cleavage-mediated recovery of backtracked TEC. 25, 34, 40, 42, 43, 45, 66 To increase the measurable effect of Gre factors, we applied an OF that favors the long-lived pauses (Figure 4; Figure S5 ). Figure 5A shows the effect of 2 µM GreA and 2 µM GreB have on the DWT distribution measured at 9 pN OF, 1 mM [NTP]. It is evident from the DWT distributions that solely pauses exceeding 4 s, corresponding to the P2 and P3 pause states (Figure 2B; Table S1 ), are affected by both Gre factors, and that the effect is considerably more pronounced in case of GreB. To evaluate which of the two pause states is affected, we fitted our model (Figure 5, rightmost panel) to the data (Methods M8) by only allowing the exit rate ke2 from P2, the entry rate kP3 to P3, and the exit rate ke3 from P3 to vary; all other model parameters were fixed according to the best fit to the corresponding control data acquired in the absence of Gre factors. We found that the three-parameter fits were able to fully capture the effects of both Gre factors (Figure 5A) ; the resulting fit values for ke2, kP3, and ke3 are shown in Figure 5B, 5C, and 5D , respectively. Compared to the control data, the effect of GreA was statistically insignificant, while GreB significantly increased ke2 while keeping kP3 and ke3 unchanged within errors. (Table S1 ). (B) P2 exit rate ke2, (C) P3 entry rate kP3, and (D) P3 exit rate ke3, estimated from the ML fits shown in (A). (E) Superimposed DWT distributions (circles) and ML fits (lines) for the minority and dominant sub-populations, extracted from the reference data and separated via Gaussian mixture clustering (Methods M4) with respect to their maximum pause durations. (F) P2 exit rates ke2 and P3 exit rates ke3 for the majority (grey) and minority (red) sub-populations, estimated from the ML fits shown in (E). (G) The ratio between the exit rates of P2 and P3 for the dominant (grey) and minority (red) sub-populations. Statistical analyses consisted of unpaired, two-tailed t-tests (significance level p: ** ≤ 0.01, * = ≤ 0.05; n.s. = non-significant). See also Figures S5, S7 , and S8.
Since GreB is known to facilitate recovery from deep backtracks, the observed acceleration of the exit rate ke2 is a clear indication that the P2 pause originates from backtracked TECs. 25, 34, 40, [42] [43] [44] 66 The concomitant observed reduction in the occurrence of the P3 pause state, reflected by a decrease in the appearance of pauses exceeding 10 s in Figure 5A , supports our assumption that the entry to P3 competes with recovery from P2, implying that P3 may also originate from a backtrack-induced pause. Backtrack depth analysis reveals that P2 and P3 are associated with backtrack depths >4 nt (Figure S7) . Surprisingly, and in contrast to P2, the lifetime of P3 (Figure 5D) is largely unaffected by GreB while showing similar backtrack depths (Figure S7B) . This suggests that P3-paused RNAp may undergo major conformational changes that render it resistant to GreB-assisted cleavage, which in turn leads to a 20-fold slower recovery rate as compared to the recovery from P2.
Our observation that GreA does not affect the apparent RNAp pause dynamics can be understood by the fact that GreA mainly affects short backtracks of ≤3 nucleotides. 34, 40, 42, 45, 69, 70 This result indicates that short backtracks are short-lived and either recover quickly (≤1 s) via cleavage or diffusion, or lead to extended backtracking. This scenario could explain why short backtracks remain undetected in our analysis, as their contribution to the DWT distribution might be overshadowed by the elemental pause (lifetime ~ 1 s), as proposed by Saba et al. 21 Furthermore, if short backtracks are predominantly recovered by diffusion, which we can neither confirm nor exclude from our data, the GreA-mediated cleavage might not be able to substantially suppress the occurrence of deeper backtracks.
A minority population reveals the nature of long-lived backtrack-associated pauses As described above, variations in the duration of long pauses between individual RNAp trajectories ( Figure  1D) forced us to separate the data sets (Methods M4) into a dominant sub-population (~90%), to which we fitted our working model, and a minority sub-population (~10%) that contained trajectories with unusually long pauses exceeding thousands of seconds; this population has thus far been excluded from our analyses. Here, we address the question of whether the transcription dynamics of RNAp in the minority subpopulation can be understood in the context of our model.
We constructed a combined DWT distribution using only the minority sub-population from the reference data set (Figure 5E, red circles) , and performed a maximum likelihood fit (Figure 5E, red line) to obtain a new set of model parameters. We found that only the exit rates from P2 and P3 vary significantly between the two sub-populations (Figure 5F; Figure S8A ), while all other parameters remain statistically unchanged (Figure S8A) . Strikingly, the ratio between these exit rates is comparable in both subpopulations (Figure 5G ), suggesting that rate-limiting sub-processes that contribute to the P2 recovery, also contribute to the P3 recovery. Alteration of the rates associated with these common sub-processes would change the lifetimes of both P2 and P3 proportionally, indicating that the recovery from P3 also involves RNA cleavage. While P2 and P3 do not appear to differ in backtracking depth, recovery from P3 occurs ~20 times slower and cannot be accelerated by GreB. These observations imply that P3 results from an infrequently occurring, long-lived conformational change in backtracked TEC that considerably suppresses RNA cleavage. As a result, recovery from P3 requires reversion to the cleavage-competent conformation.
To verify that the observed difference between the two sub-populations is not simply a result of insufficient statistics originating from short trajectories, we simulated trajectories of the same length distribution we have in the reference data set with the model parameters obtained from both sub-populations (referred to as dominant and minority parameter sets). We then compared the distributions of the longest pause per trajectory constructed from the simulated data with the empirical distribution (Figure S8B) . We found that for the dominant parameter set the simulated distribution closely resembles the empirical data, while the minority parameter set results in a significant overestimation in the frequency of long pauses. This confirms that the observed heterogeneity in pause duration cannot be solely explained by the limited statistics, and justifies our separate treatment of the minority sub-population as a fundamentally distinct population of TECs.
DISCUSSION
A unifying and extended kinetic model of intrinsic transcription dynamics
Our empirical data, complemented by in silico modeling, provide a complete view of the RNAp pausing dynamics that unifies and extends previously proposed models. Based on our findings, we propose the full kinetic model depicted in Figure 6 , in which frequent short-lived pauses, including the elemental pause (EP) and short backtracks (BT) of lifetimes <1 s, lead to two long-lived pauses (P2 and P3) accompanied by backtracks deeper than 4 nt. The sub-processes involved in transcript elongation, namely translocation, NTPaddition, and catalysis, collectively contribute to the effective elongation rate . The pause pathway includes the -half translocated -elemental pause ("EP"), the -undetected-fast pause (BT) associated with backtracks shorter than 4 nt and two long-lived pauses (P2 and P3) associated with deeper backtracks with cleavage-mediated recovery mechanism. 21 For each pause state, the assumed position of the RNAp's active site with respect to the pre-translocated state is identified. The estimated lifetimes are also denoted in red. The estimated maximum transcription velocity is denoted in red as max (Eq. 1).
In agreement with published models, our data show that pauses are serially. 18, 21, 30, 37, 40, 61, 71, 72 The shortest pause state, with a lifetime <1 s, resembles the elemental pause identified in previous biochemical and single-molecule studies. 21, 22, [29] [30] [31] [32] [33] We have shown that the two long-lived pauses are promoted by OF and are associated with backtracking, based on our direct observation of backtracking events in transcription trajectories. Given that diffusive backtracking over several nucleotides is incompatible with our data, and that the recovery from P2 state is accelerated by GreB, we conclude that this state corresponds to backtracks deeper than four nucleotides, where GreB is known to be effective. 25, 34, 40, 43, 44, 66, 69 Our data and simulations provide strong indications that intrinsic RNA cleavage is the dominant recovery pathway for this state. The fact that shorter backtracks remain undetected in our analysis implies that the recovery from short backtracks, whether through diffusion or intrinsic cleavage, is faster than the elemental pause.
Our observation that the backtrack pauses show only a limited dependency on the external applied force has been reported previously. 19, 36, 38, 39, 41, 59, 63, 73 However, such a lack of force sensitivity has been commonly attributed to a force-independent power-law tail of the DWT distribution that originates from diffusive backtracking. 15, 23, 36, [38] [39] [40] [41] Our longer observation times allowed us to better discriminate power-law behavior from exponentially distributed states. We find that the diffusive backtracking model does not provide a consistent description for our data across the entire force range. Instead, our findings support biochemical and structural studies that suggest the existence of two distinct backtracking modes, distinguished by different conformational states of the TEC with unequal effective cleavage rates. 21, 22, 34, 35, 66 The nature of long-lived backtrack-stabilized kinetic states Our analysis revealed that the long-lived pauses originate from two distinct backtracked states, which differ primarily in the susceptibility to assisted cleavage by GreB and the apparent intrinsic RNA cleavage rates. These two different pause states, with lifetimes comparable with our estimations, were previously inferred from biochemical and structural studies, where it has been proposed that both the GreB-competent (pause P2) and the GreB-incompetent (pause P3) backtracked states involve structural rearrangements that render intrinsic RNA cleavage temporarily inactive. 21, 22, 35, 47, 66 All catalytic reactions of RNAp are associated with conformational transitions of the key mobile elements in the largest RNAp subunit, the bridge helix (BH) and the trigger loop (TL). The inability of the BH and TL to fold correctly to the cleavage-competent conformations is thought to sterically hinder the backtracked RNA transcript, delaying cleavage and stabilizing the backtracked TEC in a ratcheted confomation. 30, 34, 61, 66, 74 The resistance to GreB-assisted cleavage and the significantly decreased intrinsic RNA cleavage rate in the P3 state as compared to P2 suggest that major structural changes accompany the P3 state formation. Indeed, several previous studies reported comparable cleavage rates for backtracked TECs, attributed to conformational rearrangements of several structural components in addition to TH and BH. For example, RNAp swiveling involves structural rearrangements of the clamp, shelf, SI3, and jaw domains, leading to a formation of an inert TEC. 21, 30, 34, 75 The observed extended recovery time for the GreB-incompetent pause state (P3) thus reflects the lifetime of the altered configurations, i.e. the time necessary for RNAp to revert to a RNA cleavage-competent state. Importantly, both types of backtrack-stabilized TEC states are eventually able to resume transcription.
What triggers the formation of the inert P3 state? While some studies suggested the backtrack depth as a probable cause, the majority of studies found no dependency on the backtrack depth. 34, 36, 62, 76 Our results confirm this observation since we found no significant difference in the backtrack depth between the GreBcompetent (P2) and the GreB-incompetent (P3) states.We therefore suggest that, independent of the backtrack depth, TECs residing in the GreB-competent backtrack state (P2) can stochastically either revert to the catalytic pathway through RNA cleavage, or undergo additional conformational changes of several mobile components that lead to a GreB-incompetent state (P3). Based on our estimations, the majority of TECs that remain in the backtracked state longer than p3 −1~1 minute will be found in the GreB-incompetent state (P3). This hypothesis is supported by several biochemical studies which have investigated backtracked TECs. The majority of these studies 'walked' TECs into backtracked states of various depths and stalled the RNAp for ≥10 min before measuring. 28, 34, 43, 44, 66, 69, 77 In these studies a long cleavage time between 100 s to 200 s, comparable to our estimation of the P3 lifetime, is reported. Future structural studies, focusing on TEC stalling and pause durations, can provide further insights into the structural nature of the different backtrack states.
The origin of heterogeneity in transcription velocity and pausing dynamics
Since long transcriptional pauses are rare, accurate characterization of their lifetimes and frequencies requires a large ensemble of sufficiently long elongation trajectories. To achieve such statistics, the majority of previous studies aggregated all measured RNAp transcription trajectories based on the assumption that all RNAp behave similarly. 31, 47, 48, 78 Nonetheless, heterogeneities between individual RNAp velocities have been reported, and two studies presented empirical and theoretical evidence in support of dynamic state switching, which involves alternation between different transcription velocities of a single RNAp. 26, 29, 32, [48] [49] [50] 60, 79 However, most studies failed to detect state-switching, concluding that the individual RNAps transcribe at a constant velocity. 24, 32 Apparent differences in transcription velocities were attributed either to variations in short pause frequencies or to possible chemical variations between individual RNAps, such as post-translational modifications. 24, 47, 80 With our large ensemble of RNAp trajectories that captures the full extent of temporal transcription dynamics, we were able to estimate the elongation rates and the pause frequencies of individual RNAp, revealing considerable heterogeneity in both quantities. While the majority of RNAp transcribed at similar average velocity (~10 nt/s), a small but notable fraction of RNAp (~10%) transcribed the template substantially more slowly (~5 nt/s). Most interestingly, a small faction (~5%) of RNAp trajectories showed switching between these two velocities. These observations are not only quantitatively compatible with the previously described state switching, but also demonstrate that the heterogeneity of the transcription velocity is intimately linked to state switching. 48 Since we excluded long backtrack pauses from the estimation of transcription velocities, potential contributing factors to the observed heterogeneity are the pause-free elongation rate or short frequent pauses, which include the elemental pause and shallow backtracks. We provide evidence that the variations in the frequency of short pauses, and not in the pause-free elongation rate, underlie the heterogeneity in transcription velocity and the state-switching phenomena.
The mechanistic origin of state switching remains unknown. We speculate that the observed variation reflects changes in several mobile RNAP modules whose dynamic structural arrangements have shown to be important for substrate binding, catalysis, and translocation. Point mutations in these structural elements are known to significantly affect the transcription rate. 29, 39, 75, 78, 81, 82 We propose that the observed slow transcription velocity of ~5 nt/s might be a result of a potentially unfavorable or hampered reorganization of these elements, leading to a dynamic switching between fast and slow transcription velocities or, in extreme cases, to a permanently slow transcription. Since the described transcription heterogeneity consistently persists throughout our experiments, we hypothesize that chemical modifications of conserved amino acid residues may underlie this phenomenon.
We have further identified a separate source of heterogeneity that is reflected by significant differences in long-lived pause lifetimes associated with backtracked TEC. A minority sub-population of RNAp (~10%) showed notably slower backtrack-recovery rates from both the GreB-competent (pause P2) and the GreB-incompetent (pause P3) backtracked states, indicating a slower intrinsic cleavage rate. We note that the longest pause durations we encountered for this sub-population exceed thousands of seconds, and most probably have been previously categorized as arrested states unable to recover from backtrack. 34, 36, 38, 43, 48, 59 Since several aforementioned structural elements involved in RNA synthesis also participate in the RNA cleavage, we assume that the suggested possible chemical modification of different structure motifs during RNAp synthesis may also be responsible for the observed RNA cleavage-deficient sub-population. Elucidating the microscopic origin and cause of the observed different dynamic RNAp behavior remains an important subject for future biochemical and structural studies.
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